Alzheimer's disease (AD) is a neurodegenerative disorder characterized by deficits in multiple cognitive domains, and worsens across an increasingly broader range of domains as the disease progresses[@b1]. There remains a wide spectrum of clinical features in AD patients, ranging from atypical cognitive dysfunction at presentation (starting with language, visuospatial or frontal executive dysfunction rather than memory impairment) to different rates of disease progression[@b1][@b2][@b3]. The existence of the aforementioned distinct clinical phenotypes among patients supports the hypothesis that AD consists of several subtypes. The identification of such subtypes may potentially improve our understanding of the underlying pathomechanisms of the disease, prediction of disease course, and the development of new disease-modifying treatments[@b4]. A recent post-mortem neuropathological study has suggested the existence of three distinct subtypes, based on the distribution of neurofibrillary tangles[@b5]. However, this post-mortem subtyping approach is limited to AD patients in their advanced stages and autopsies cannot map the entire human brain.

Recent advances in neuroimaging have greatly improved AD subtyping attempts. A computational approach to subtyping has been suggested for AD patients via hierarchical clustering analysis[@b6][@b7][@b8], which computes the similarity between any pair of subjects in terms of cortical thickness of the whole brain[@b6][@b7], or a few selected neuroimaging measures[@b8], and then aggregates subjects in order of descending similarity. With an arbitrary threshold of aggregation levels, this produces plausible AD subtypes. However, this approach is vulnerable to the sampling bias of a used dataset, therefore generating different subtypes even with slight changes in the sampled dataset, and the outcomes tend to cluster based on overall similarity of the cortical thickness rather than cortical atrophy patterns, as it utilizes a summation of pairwise differences.

Here we present a novel method for AD subtyping utilizing graph theory, which has high reproducibility against to a random perturbation in the sampled dataset. We calculated the similarity between any two subjects in their cortical atrophy patterns across the whole brain, and clustered subjects with similar cortical atrophy patterns using the Louvain method, which was developed for modular organization extraction[@b9]. While hierarchical clustering identifies subtypes deterministically, the Louvain method explores modular organization stochastically and is thus more robust against sampling bias.

We hypothesized that this approach would identify subtypes with distinct atrophy patterns and cognitive profiles, and applied the method to patients with 'very mild AD'[@b10][@b11], and compared the clinical manifestations of the resultant AD subtypes using two different datasets: the Samsung Medical Center (SMC) dataset consisting of 225 patients with AD, and 320 age, gender and education level-matched CN subjects, and the external validation dataset from the Alzheimer's Disease Neuroimaging Initiative (ADNI validation dataset) consisting of 131 AD patients and 158 matched CN subjects (see [Table 1](#t1){ref-type="table"} and [Supplementary Table S1](#S1){ref-type="supplementary-material"} for details). The rationale for selecting very mild AD patients is because predictive markers of disease progression would be potentially more useful in patients with earlier stages, and as the disease progresses, their atrophy becomes widespread resulting in less distinctive atrophy patterns. Moreover, we limited the study to patients with minimal white matter hyperintensities in order to exclude patients with mixed Alzheimer and vascular pathology that may affect the cortical thickness.

In this present study, we established a novel subtyping approach that categorizes the early stage AD into several subtypes based on the pattern of cortical atrophy. By applying this approach to patients with very mild AD, we identified three anatomical subtypes with distinct neuropsychological profiles which were strongly associated with their characteristic atrophy patterns. The method showed high reproducibility and was also externally validated by the ADNI validation dataset.

Results
=======

AD subtyping based on distinct cortical atrophy patterns
--------------------------------------------------------

We identified AD subtypes by clustering AD patients based on the similarity of cortical atrophy patterns: if a subset of subjects shared a similar cortical atrophy pattern, we grouped them together. The overview of this procedure is summarized in [Fig. 1](#f1){ref-type="fig"}. First, we computed the cortical atrophy pattern of each AD patient using normalized cortical thickness data. We then constructed a similarity matrix based on correlation coefficients of the cortical atrophy patterns for any two AD patients. Finally, clusters of AD patients with similar cortical atrophy patterns were detected using the Louvain method[@b9] which is the state-of-the-art modular organization extraction method in network science. The modular organization can be found by maximizing a value of modularity that is high when the intra-modular connections are dense while the inter-modular connections are sparse ([Fig. 2](#f2){ref-type="fig"} and [Supplementary Figure S1](#S1){ref-type="supplementary-material"} middle). This subtyping produced statistically significant results (permutation testing for similarity matrix, p \< 0.001, see [Supplementary materials](#S1){ref-type="supplementary-material"}).

The subtypes were named after their statistically significant characteristic atrophy patterns found in the atrophy pattern comparison to CN ([Fig. 2](#f2){ref-type="fig"} and [Supplementary Figure S1](#S1){ref-type="supplementary-material"} upper row)[@b6][@b7]. In the SMC dataset, we obtained three subtypes: an MT subtype (medial temporal-predominant atrophy, *n* = 82), P subtype (parietal-predominant atrophy, *n* = 79), and D subtype (diffuse atrophy, *n* = 64). The MT subtype features major atrophy of the medial temporal lobe including the entorhinal cortices of both hemispheres. In contrast, the P subtype's major atrophy is of the parietal cortices, superior and lateral temporal lobes and precuneus of both hemispheres. Although the atrophy extended into the frontal lobes, the depth of atrophy was greater than in the parietal lobes and precuneus. The D subtype featured sporadic atrophy over the cortices; however, the atrophy map showed that it was shallow and diffused (spanned) over the cortices, in contrast to the focal atrophy of the other two subtypes. The cortical atophy patterns of each subtype in the ADNI validation dataset showed the same trend with those of the SMC dataset.

Neuropsychological test results
-------------------------------

Our subtypes solely determined by MR image analysis exhibited distinct neuropsychological characteristics across the three subtypes ([Table 2](#t2){ref-type="table"} and [Supplementary Table S2](#S1){ref-type="supplementary-material"}). Overall, the P subtype showed the worst performance in overall cognitive domains, while cognitive function in the MT and D subtypes was relatively spared. The MT and D subtypes presented similar cognitive profiles except for language function, which was more disrupted in the MT subtype. Specifically, in the SMC dataset ([Table 2](#t2){ref-type="table"}), the P subtype consisted of patients with the youngest age and highest education level compared to the other two subtypes. However, they revealed the worst cognitive profiles in terms of attention, visuospatial, visual memory, and frontal executive function. Above all, the attention and frontal executive function of the P subtype was severely impaired as determined by the worst scores in digit-span backward (p = 0.004), COWAT semantic fluency (animal \[p = 0.002\] and supermarket items \[p \< 0.001\]), and the Stroop test (p \< 0.001). In the RCFT copy test, not only was the score lower (p \< 0.001) but also the time required to complete the task was longer for the P subtype patients (p \< 0.001), exposing a significant deficit in visuospatial function. In line with this, the most severe impairment in visual memory was seen in the P subtype, as revealed by the immediate and delayed recall task in RCFT. Verbal memory function did not differ across the three subtypes in SVLT delayed recall (p = 0.349). When it comes to parietal lobe specific function, the dysfunction in calculation (p = 0.053) and ideomotor praxis (p = 0.004) was the worst in the P subtype patients. Even after stratifying the AD patient according to their age of onset, the P subtype exhibited the worst cognitive function in both early onset AD (EOAD, onset age \< 65 years) and late onset AD (LOAD, onset age ≥ 65 years) ([Supplementary Table S3](#S1){ref-type="supplementary-material"}).

In comparison, the MT and D subtypes exhibited relatively benign impairment. In terms of language domains, the D subtype showed relatively mild impairment in comparison to the other two subtypes (MT vs D, p = 0.008; P vs D, p = 0.026) in the K-BNT. In contrast, the MT subtype scored the worst in the K-BNT, although the impairment was not significantly lower than the P subtype (p = 0.659). In the Animal Category Fluency Test, the MT subtype patients showed worse performance when compared to D subtype patients (p = 0.077), though it did not reach statistical significance. Also the ADNI validation dataset have similar clinical characteristics across the subtypes.

Cortical atrophy hallmarks of each subtype
------------------------------------------

Each subtype revealed its own distinct cortical atrophy patterns. We therefore selected the characteristic regions of each subtype that showed severe atrophy in both the SMC dataset and the ADNI validation dataset through ROI-based analysis, and defined them as the 'hallmarks' of cortical atrophy for each subtype. The MT subtype showed characteristic atrophy patterns in the entorhinal cortex, the parahippocampal cortex, the temporal pole and the insular cortex (FDR-adjusted; [Fig. 3](#f3){ref-type="fig"} and [Supplementary Figure S2](#S1){ref-type="supplementary-material"}, the lower panels), while the P subtype showed significant thinning in the precuneus and regions in the parietal lobe (the supramarginal and the inferior and superior parietal cortices, FDR-adjusted; [Fig. 3](#f3){ref-type="fig"} and [Supplementary Figure S2](#S1){ref-type="supplementary-material"}, the upper panels). When it comes to the subcortical structures, the volume of the hippocampus and amygdala was smaller in the MT subtype ([Supplementary Table S4](#S1){ref-type="supplementary-material"}). Compared to the other two subtypes, the atrophied region in the D subtype was relatively unclear and sometimes failed to show convergent findings in both datasets. In general, hallmarks in the left and the right hemispheres showed a similar trend. The summary of the hallmark analysis results can be found in [Supplementary Table S5](#S1){ref-type="supplementary-material"}. We note larger atrophy levels in the D subtype in the ADNI validation dataset compared to those in the SMC dataset ([Fig. 2](#f2){ref-type="fig"} and [Supplementary Figure S1](#S1){ref-type="supplementary-material"}).

Reproducibility of subtyping
----------------------------

Our proposed method is highly reproducible (SMC dataset: 92.25%; ADNI validation dataset: 92.53%) and consistent on average for 10 subsets with 10% random removal. We extensively compared the proposed method with the following two methods: hierarchical clustering (HC) and the Louvain method based on the correlation and Euclidean distance between subjects. Our proposed method with correlation coefficients between cortical atrophy patterns excelled HC since it had the highest modularity and high reproducibility (92.25% reproducibility, [Table 3](#t3){ref-type="table"}). The hierarchical clustering (HC) method has lower reproducibility than our method (83.42% reproducibility, [Table 3](#t3){ref-type="table"}). Since HC deterministically clusters subjects, the subtyping results can be biased to the sample distribution while the Louvain method has increased chance to find optimal subtyping and leading to the higher reproducibility. Our extensive analysis ([Supplementary Tables S6 and S7](#S1){ref-type="supplementary-material"}) also showed that using correlation coefficients lead better clinical association.

Discussion
==========

In this paper, we proposed a new subtyping approach that uses similarity in cortical atrophy patterns based on correlation coefficients and the Louvain method for clustering subjects. The proposed method successfully categorizes very mild AD into clinically distinct anatomical subtypes with high reproducibility.

Our study holds several methodological strengths over previous approaches[@b6]. First, our method provides highly reproducible subtypes (\>90%), as tested in two different ethnic populations and subsets of samples with 10% random removal. Moreover, despite the strength of the magnetic field of MR scanners are different with each other in two datasets (the SMC dataset: 3T, the ADNI validation dataset: 1.5T), the subtyping results were fairly reproduced. Second, our strategy is based on cortical atrophy patterns rather than raw cortical thickness and therefore subjects within a single subtype naturally share similar cortical atrophy patterns. Third, we employ the Louvain method for clustering, a tool known to be accurate and efficient. Fourth, there is no heterogeneous subtype that consists of the 'leftovers' or those cases that cannot be classified into a distinct subtype. In this regard, our approach addresses the limitations of a previous study that classifies such cases as one subtype, which may be a source of bias[@b5]. Lastly, we externally validated our methods by applying our subtyping strategy to the ADNI validation dataset and achieved similar results to those of the SMC dataset.

The proposed subtypes have distinct neuropsychological characteristics in the SMC dataset ([Table 2](#t2){ref-type="table"}). Patients in the P subtype had an earlier onset of disease and exhibited the worst clinical outcomes among the three subtypes in most cognitive domains, except for verbal memory function. These findings may be explained by the regions involved in cortical atrophy in the P subtype: the precuneus, bilateral posterior parietal cortices (inferior and superior parietal lobules), and bilateral dorsolateral frontal areas. The most representative function of the parietal cortex is spatial processing[@b12][@b13][@b14], and deficit in visuospatial function and visual memory was accordingly evident in the P subtype. Besides visuospatial function, the parietal lobe (both lateral parietal cortices and the precuneus) is also involved in selective attention and working memory[@b15], and therefore correlates well with overall deterioration in the P subtype. In particular, the precneus, in which atrophy was most evident in the P subtype, plays a key role in a wide range of higher-order cognitive functions, such as executive function, visuospatial imagery, and self-processing operations[@b13]. In addition, the dysfunction in calculation (p = 0.053) and ideomotor praxis (p = 0.004), which are regarded as parietal specific function[@b16][@b17][@b18], was the worst in the P subtype patients.

In comparison to the P subtype patients, the MT and D subtype patients showed better neuropsychological performances and their overall cognitive profile were quite similar. However, even in these two relatively mild anatomical subtypes, MT subtype patients showed worse performances in language domain (K-BNT), processing speed in visuospatial constructive function (RCFT copy time) compared with the D subtype patients. Moreover, MT and D subtypes differed in the average age, gender distribution and the pattern of gray matter atrophy, implying that MT and D subtype may be a distinct subtype. However, there lies a possibility that MT and D subtype may be quite difficult to distinguish mainly based on their neuropsychological performances. This also implies that differentiation of AD subtypes (based on the proposed cortical atrophy pattrerns) may be helpful when enrolling participants and analyzing data in future clinical trials. If a single group consists of both MT and D subtypes, the response to treatments or underlying pathophysiology might be distinctly different, and the outcomes may be affected accordingly.

Some may argue that the aforementioned distinct cognitive profile may be a result of generally worse cognition or stage of disease progression rather than reflecting a specific clinical subtype. In order to avoid this issue, we introduced the concept of correlation coefficients to subtype AD patients based on the similarities in the overall cortical thinning patterns (predominant atrophy pattern) rather than based merely on the absolute values of cortical thickness. Moreover, we included the patients with CDR-SOB ≤4 (i.e., very mild AD) to narrow the stage of disease progression so as to avoid classification of AD into subtypes with different stage of disease. In this present study, the disease duration, the MMSE, and CDR-SOB scores which are known to reflect the general cogntive status and stage of disease did not show significant difference across the subtypes. Consequently, our proposed subtypes appear to reflect specific clinical subtype rather than a result of AD with different stage of disease.

Of note, the P subtype shares several common core features with the hippocampal-sparing subtype, a neuropathologically defined subtype characterized by aggressive disease progression, earlier age of onset, and cortical atrophy involving the parieto-frontal cortices[@b5][@b19]. In addition, there also exists similarities between our MT subtype and the limbic-predominant AD in terms of female predominance, relatively late age of disease onset, and the atrophy pattern restricted to the medial temporal lobe[@b5][@b19]. Intriguingly, the MT subtype showed more atrophied hippocampus and amygdala compared to the P subtype ([Supplementary Table S4](#S1){ref-type="supplementary-material"}), which was also a core finding in the limbic-predominant and hippocampal-sparing AD[@b19]. This substantial overlap between neuropathology studies and ours lend greater weight to the subtypes identified in this present study.

Despite numerous attempts to classify AD into multiple subtypes, there have been few effective measures proposed to accomplish the task[@b6][@b8][@b20][@b21]. Some of the recent studies exploited gray matter volume of a few selected regions of interest[@b8] or the whole brain[@b21]. The study called CHIMERA[@b21] proposed a notable probabilistic subtyping framework using the volume of 80 regions of interest. The proposed probabilistic method is promising but its main limitation is that it is not suitable for the high-dimensional data like our whole brain cortical thickness data. Murray *et al*. proposed pathological AD subtypes by sorting along an axis that represents the ratio of hippocampal to cortical neurofibrillary tangle density in a clinicopathological cohort of 889 cases of AD[@b5][@b22]. Although this study provided AD subtypes with a relatively strong level of evidence, it was limited as the subtyping was performed post-mortem, representing AD subtypes only in their advanced stages. Although, the distinct cortical atrophy patterns across the pathological subtypes was also investigated in a follow-up neuroimaging study by utilizing the first MRI after diagnosis of AD[@b19], there still remains a limitation in that the subtyping itself was performed based on post-mortem tauopathy. This approach also cannot be used to determine which subtype an early stage AD patient should be assigned to, and autopsies cannot map the entire brain as it is a region-of-interest--based method. In contrast to the post-mortem study, subtyping using MR imaging is non-invasive and thus applicable to living patients. Our findings also provide evidence that subtyping can be achieved for very early stage AD, and thus may be useful for early treatment intervention.

Our proposed method is highly reproducible, showing an average consistency of 92.25% and 92.53% for 10 subsets with 10% random removal in the SMC dataset and ADNI validation dataset, respectively. Our analysis ([Table 3](#t3){ref-type="table"}) revealed that the Louvain method for modular organization extraction improves the reproducibility, showing higher reproducibility compared to the hierarchical clustering method (SMC dataset, 83.42%; ADNI validation dataset, 72.03%). Since the hierarchical clustering method clusters subjects deterministically, it tends to be vulnerable to changes in sample size or distribution. In contrast, the Louvain method stochastically explores the optimal clustering configuration in order to maximize the modularity value, thereby increasing the chance to identify optimal subtyping and thus leading to the higher reproducibility.

Our analysis ([Table 3](#t3){ref-type="table"}) showed that the subtyping strategy utilizing the correlation coefficients tends to classify AD into distinctive subtypes better than approaches based on Euclidean distance. This superiority arises from the nature of the correlation coefficient itself in that the absolute values of cortical thickness can be automatically controlled in the operation process and thus using correlation coefficients is useful to capture similarities in cortical thinning patterns between the two subjects, rather than the differences in thickness, and is therefore more sensitive in distinguishing the pattern difference ([Fig. 1](#f1){ref-type="fig"}). We emphasize that our D subtype is neither a leftover group (i.e. not classifiable into MT or P subtypes) nor a group defined by the level of cortical thinning. Since the proposed method clusters all subjects simultaneously based on the similarity of the cortical atrophy patterns, patients with the D subtype share their own distinct atrophy pattern that is distinguishable from the other subtypes. Also since we employed the correlation coefficients as a similarity metric, the overall cortical thinning was not a factor for clustering, while the Euclidean distance-based measure could be affected by the sum of differences in the cortical thickness. Thus, we further compared our method with the Euclidean distance-based Louvain method. The Louvain method based on the Euclidean distance resulted in two subtypes; one with a low level of overall cortical thinning and the other with a high level, since the Euclidean distance-based method integrates overall atrophy of the cerebral cortex. Although the low-level atrophy subtype can be classified into the MT and P subtypes, the difference in cognitive profile was less clear than with our method ([Supplementary Tables S6 and S7](#S1){ref-type="supplementary-material"}).

Another novelty in our method is using the z-score of cortical thickness normalized by the distribution of cortical thickness in the CN group, instead of using raw cortical thickness. The raw cortical thickness is a snapshot of the current remnants; however, for the cluster analysis of the cortical thinning pattern, it is better to measure the extent of cortical atrophy in each patient instead. Generally, it is not possible to observe the extent of cortical thinning within a single MR image, as we cannot determine the cortical thickness of the brain before AD diagnosis. In this study, we estimated the level of cortical atrophy by normalizing the remnant cortical thickness with the distribution of cortical thickness in the CN group. The standard deviation for each brain region may account for inter-subject variability; in cases where large inter-subject variability resides, even when the remnant is small, it would not be considered as severe cortical atrophy ([Fig. 1](#f1){ref-type="fig"}). Since this procedure considers the inter-subject variability, where the large inter-subject variability lies, the resultant z-score is not low even when the subject's cortical thickness is thinner than the mean of the CN subjects. Thus, in the resultant cortical atrophy patterns, the deep or shallow atrophy is determined not only by the cortical thinning of the patient, but also by the inter-subject variability in the CN group. We believe that the use of this z-score improves subtyping performance.

Although the heterogeneity of AD is not a new concept, the underlying mechanisms that can account for the selective vulnerability in topographic distribution of brain atrophy in each AD subtype remain elusive. The difference in tau pathology, functional networks, metabolism may play a major role in selective vulnerability[@b23], but we cannot support any of the previous hypotheses with our data of this present study. In this regard, we at least aim to suggest the "hallmarks" of cortical atrophy for each subtype so that they may serve as a viable start point in future studies. In the MT subtype, the entorhinal cortex, the parahippocampal cortex, the temporal pole and the insular cortex were selected through ROI-based analysis as hallmarks. Atrophy in these structures are known to produce selective vulnerability presented in AD patients, especially responsible memory dysfunction[@b24]. Moreover, temporal pole atrophy is known to play a prominent role in naming impairment, which was also evident in our study[@b25]. In the P subtype, the precuneus, the supramarginal, inferior parietal and superior parietal cortices were selected as hallmarks. Consistent with the damage in these structures, the P subtype showed significant impairment throughout the overall cognitive function, especially for visuospatial and executive function[@b12][@b13][@b14][@b15]. Of note, the D subtype revealed a balanced atrophy pattern rather than involving focal specific region. Although significant thinning near the central sulcus was observed in the D subtype, this finding might not be a result of selective vulnerability in the region. Rather, this may be a relative finding as the D subtype tends to reveal shallow but diffuse atrophy throughout the cortices, while paracentral cortices are less affected in the other subtypes. Though we cannot point out a selectively vulnerable region for this subtype, this balanced atrophy pattern itself may act as a hallmark for the D subtype.

The hallmarks may provide not only supportive evidence that subjects clustered by our approach share a specific atrophy pattern, but also informative criteria to distinguish subtypes in future. As an example, if a certain subject presents with severe alteration of cortical thickness in the precuneus and a few parietal regions, they may be suspected to be a P subtype patient, since the precuneus and a few parietal regions are hallmarks of the P subtype.

As neurodegenerative diseases are hypothesized to propagate along the brain network, the possible network involved in each subtype may be important in understanding the heterogeneity of AD. In light of the pattern of atrophy, the AD pathology of the P subtype appears to be centered preferentially along the default mode network. The parietal lobe is well-known to be responsible for higher cortical function in human and thereby associated with high metabolic demand, but at the same time, known as the most vulnerable region due to thin myelination[@b7][@b26]. When considering that the degree of parietal vulnerability is highly variable across individuals[@b26][@b27], we surmise that patients who show such vulnerability may develop P subtype of AD dementia. By contrast, the anterior medial temporal network, a network involved in some aspects of declarative memory[@b28], appears to be preferentially disrupted in the MT subtype when taking the memory and confrontation naming dysfunction into consideration. However, further connectivity studies are necessary in order to find the vulnerable networks of each subtype.

We note several limitations to our proposal. First, the regularization parameter, γ, for the Louvain method was set empirically, which may act as a potential bias. We followed the previous post-moterm neuropathological study[@b5] for the target number of subtypes and controlled the parameter in order to obtain three subtypes. However, as shown in our experimental results, the proposed method provides consistent subtyping across different population sets with distinct cortical atrophy patterns and the associated neuropsychological tests scores were validated from a clinical perspective. Second, pathological confirmation was not performed in this study. We validated our subtyping approach using the ADNI validation dataset and provided supporting evidence using neuropsychological tests, inter-group consistency of subtypes, and distinct cortical regions of each subtype (hallmarks). Third, we cannot exclude the possibility that the cortical atrophy was affected by non-AD pathology. In order to minimize the contribution of factors related to cortical atrophy other than AD, we used probable AD patients with minimal WMH only and excluded those with moderate or severe WMH as well as patients with a past history that may contribute to cognitive deficit. Although this may limit the generalizability of the study, as nearly half of all AD patients tend to reveal moderate or severe WMH[@b29][@b30][@b31], this aided in analyzing the cortical atrophy patterns affected mainly by AD itself. Fourth, our study cannot explain the mechanisms of selective vulnerability in each subtype. Instead, we listed up the core atrophied subregions of each subtype (hallmarks) in order to identify regions that physicians could focus on when designing future studies. Fifth, our study did not include the subcortical regions and other important biomarker including the amount of amyloid beta and tau protein deposition. For example, it is well-known that the volume of hippocampus and amygdala was associated with cognitive performance of dementia patients[@b32]. Though we did not include the subcortical regions, it may be acompanied with the structure nearby in the medial temporal lobe. Our study excluded the biomarkers beyond neuroimaging though they are important and reliable diagnostic biomarkers, since we believe that the neuroimaging biomarkers from the MR imaging is more appropriate for screening the population. Sixth, we cannot exclude the possibility that the distinct clinical characteristics across the subtypes might have been affected by the age of onset (i.e, EOAD and LOAD). However, it should be noted that the overall cognitive profiles of each subtypes were similar even after stratifying the subtypes according to age of disease onset, indicating that our findings are not simply a result of disproportional distribution of EOAD and LOAD patients across subtypes. Lastly, no longitudinal follow-up study was performed in this setting, limiting the potential value as we cannot determine whether the proposed subtypes can be used for the prediction of disease progression.

Summary and Conclusion
======================

We propose a novel subtyping method for very mild AD patients. The resulting subtypes are strongly associated with neuropsychological performance and each has a distinct cortical atrophy pattern. The suggested method has high reproducibility in comparison to previously suggested methods. However, it remains to be determined in future studies whether this subtyping approach can be applied at more advanced stages (mild, moderate, severe AD) or whether proposed subtypes in very mild AD may entail differing predictive values for progression trends in AD. Applying this subtyping approach to other diseases and diagnostic purposes may also yield further benefit.

Materials and Methods
=====================

Subject recruitment and MR image acquisition
--------------------------------------------

In the SMC dataset, we retrospectively analyzed the data of 225 patients with AD and 320 age, gender and education level-matched cognitively normal subjects (CN) at Samsung Medical Center from June 2006 through December 2013. Written informed consent for the study was obtained from all patients and the protocol was approved by the Institutional Review Board of Samsung Medical Center. This study followed the tenets of the Declaration of Helsinki in 1964 and all subsequent revisions. We obtained high-resolution T1-weighted MR images using a 3.0T Philips Achieva.

In order to provide additional evidence that our findings are accurate and applicable to the general AD dementia population, we applied our subtyping approach to the Alzheimer's Disease Neuroimaging Initiative (ADNI) database ([adni.loni.usc.edu](http://adni.loni.usc.edu)). ADNI was launched in 2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner. The primary goal of ADNI has been to test whether serial MRI, positron emission tomography (PET), other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early AD (for updated information, see [www.adni-info.org](http://www.adni-info.org)) (see [Supplementary Figure S5](#S1){ref-type="supplementary-material"} for details). A total of 131 patients with AD and 158 age, gender and education level-matched CN subjects were selected for the ADNI validation dataset. The T1-weighted MR images for the subjects were recorded following the ADNI acquisition protocol[@b33]. We used images acquired at 1.5T for the ADNI validation dataset. In both datasets, we included AD patients fulfilling the following criteria: clinical dementia rating sum-of-boxes (CDR-SB) less than or equal to 4 (very mild AD)[@b10][@b11], MMSE score less than 27[@b34][@b35], and minimal white matter hyperintensities (WMH)[@b30][@b31]. The detailed subject inclusion/exclusion criteria and MR protocol are described in the [Supplementary material](#S1){ref-type="supplementary-material"}.

Neuropsychological assessment
-----------------------------

The cognitive function of each participant in the SMC dataset was assessed using a standardized neuropsychological assessment tool, the Seoul Neuropsychological Screening Battery (SNSB)[@b36][@b37][@b38]. The SNSB includes tests designed to measure attention, language, praxis, visuoconstructive function, verbal and visual memory, and frontal executive function[@b36][@b37]. We used standard neuropsychological test scores (z-scores) because the age, sex, and education levels were different between the AD dementia subtypes. The z-scores were derived based on age- and education-adjusted norms[@b36][@b37]. In addition to the SNSB, we also used the Korean version of the Mini-Mental Status Exam (K-MMSE) and CDR-SB. The ADNI neuropsychological assessment procedures have been previously described[@b39][@b40]. We used a modified Alzheimer's Disease Assessment Scale - cognitive subscale (ADAS-cog)[@b41][@b42], the most widely used standard cognitive measure in the AD population, and included the Digit Span Test, BNT[@b43], Rey Auditory Verbal Learning Test (RAVLT)[@b44], Clock Drawing Test[@b45], Trail Making Test (TMT)[@b46][@b47], Digit Symbol Substitution Test[@b48] and Category Fluency Test[@b40]. Composite scores including ADNI-EF and ADNI-Mem were also used[@b49][@b50].

Image preprocessing
-------------------

[Figure 1](#f1){ref-type="fig"} depicts a brief overview of the proposed analysis pipeline. We computed the cortical thickness from T1-weighted images using FreeSurfer v5.1.0[@b51][@b52]. Following the recommended reconstruction pipeline, we visually checked and corrected image segmentation. FreeSurfer extracts various surfaces from T1-weighted images, including the pial surfaces (outer boundary of the gray matter), white matter surfaces (boundary between gray and white matter), and spherically deformed surfaces which are registered to the FreeSurfer's standard subject. Due to inter-subject variability of brain shapes, we resampled the surfaces with 40,962 vertices for each hemisphere using our in-house software[@b53]. We then removed artifacts in the cortical thickness data using the Laplace-Beltrami (LB) operator, similarly to past studies[@b53][@b54][@b55].

Estimation of cortical atrophy patterns using z-scores
------------------------------------------------------

For each vertex of a cortical surface, a z-score was computed with respect to the cortical thickness distribution in the CN group: , where is the cortical thickness value of the *i*-th vertex of the *j*-th AD patient, is the mean cortical thickness of the *i*-th vertex in the CN group, and is its standard deviation. This z-score represents the extent of cortical atrophy for a specific location. Once the relative extent of cortical thinning is calculated for all vertices sampled over the smooth cortical surface, we then define a cortical atrophy pattern of the *j*-th AD patient by concatenating , for *i* = 1, 2, ..., 81924.

Similarity matrix construction and subtyping using the Louvain method
---------------------------------------------------------------------

We constructed a similarity matrix for the AD group using correlation coefficients between cortical atrophy patterns of any two subjects. We excluded the non-cortical tissue while computing the correlation coefficients. For cluster analysis of the AD patients, we employed the Louvain method[@b9] which was developed for modular organization extraction in network science. The modular organization in a large network can be found by maximizing a value of modularity which is high when the intra-modular connections are dense while the inter-modular connections are sparse. In our problem setting, dense intra-modular connections imply high similarity of the cortical atrophy pattern between subjects in a module. The Louvain method is not only efficient for larger networks, but also very accurate; for a few large networks, its value of modularity was the highest among the current common modular organization extraction methods[@b9]. Since the Louvain method is based on a greedy optimization method, the clustering results can vary slightly. To resolve this issue, we employed a 'major voting' scheme, in which we extracted modular organization *N* times, and labeled a subject with the most frequently assigned cluster ([Supplementary Figure S4](#S1){ref-type="supplementary-material"}). The Louvain method has a resolution parameter, γ (gamma), which controls the number of clusters. In our experiments, we controlled it to obtain three subtypes based on the previous post-mortem study[@b5] (*N* = 1000 and γ = 0.9). We also estimated statistical significance of the Louvain method based on a permutation test of the similarity matrix (see [Supplementary material](#S1){ref-type="supplementary-material"}). We used the implementation in the brain connectivity toolbox for the Louvain method[@b56].

Comparison of the proposed method with other methods
----------------------------------------------------

To compare with the previous study[@b6], we followed the same method as possible as we can; the only difference is that we used our estimated cortical atrophy instead of cortical thickness for fair comparison and adopt both correlation coefficient and Euclidean distance. The latter was for investigating the effects of the correlation coefficients. Since the Louvain method requires similarity measures, we transformed the Euclidean distance into the similarity with monotonically decreasing function (*w*~*ij*~ = exp (−*d*~*ij*~*/α*), where *d*~*ij*~ is the Euclidean distance between the ith and jth subjects, and *α* is a regularization factor). We evaluated their performance in terms of three different measures: modularity Q, reproducibility, and effectiveness of clinical interpretation. The reproducibility captures how a method provides consistent results over different datasets, which was measured by a fraction of consistently assigned subjects to each subtype on average. We divided the dataset into 10 subsets and repeated our method over them 10 times excluding one subset in turn. We then computed the average fraction over 10 runs. It is also important that resulting subtypes share a certain neuropsychological characteristics to be clinically useful.

Inter-dataset consistency of subtyping
--------------------------------------

We tested how significantly each subtype obtained in the SMC dataset was matched with its corresponding subtype obtained in the ADNI validation dataset using permutation testing. We sought to determine whether the average similarity evaluated between the correctly matched subtypes (e.x. the MT subytpe in the SMC dataset and the MT subtype in the ADNI validation dataset) was higher than the other random matchings using permutation testing (see [Supplementary materials](#S1){ref-type="supplementary-material"} for details).

Cortical atrophy hallmarks of each subtype
------------------------------------------

We defined '*hallmarks'* of cortical atrophy for each subtype, which are the characteristic regions with severe atrophy. We first performed the ROI-based analysis of cortical thickness, where 34 cortical ROIs are pre-defined for each hemisphere[@b57]. We obtained normalized thickness values by dividing the average thickness of each ROI by the mean cortical thickness of the entire cortices. As our subtyping method clusters subjects based on the shape of cortical atrophy patterns rather than the level of overall cortical atrophy, a simple mean value of cortical thickness in a subtype does not represent the characteristics of the subtype. We compared the normalized cortical thickness of each ROI using permutation-based ANCOVA (see [Supplementary material](#S1){ref-type="supplementary-material"}), controlling for age, gender and education level. We then selected hallmark regions that survived after the false discovery rate (FDR) procedure[@b58][@b59] and revealed a distinct cortical atrophy pattern for each subtype.

Statistical Analysis
--------------------

Comparison of demographic data or standardized neuropsychological test scores between the three subtypes of AD was assessed using χ^2^ test or one-way analysis of variance (ANOVA), and a Least Significant Difference (LSD) test was conducted for post-hoc analysis. For comparison of neuropsychological test scores between the AD subtypes in the ADNI validation dataset, permutation-based analysis of covariance (ANCOVA) was used, adjusted for age, gender, and education (see [Supplementary Material](#S1){ref-type="supplementary-material"}). All statistical operations for the demographic data and standardized neuropsychological test scores were performed using PASW Statistics 21 (SPSS, Chicago, IL) software except for permutation-based ANCOVA. Two-sided p-values less than 0.05 (*p* \< *0.05*) were considered statistically significant. We employed random field theory[@b60], and permutation-based ANCOVA for cortical atrophy comparisons (see [Supplementary Material](#S1){ref-type="supplementary-material"}). All statistical operations and analyses of MR images were conducted using MatLab (Version 2014b, Mathworks, Natick, USA), SurfStat (RFT and visualization of cortical atrophy) and our in-house software (permutation testing).

Data availability
-----------------

We provided our in-house analysis software in our webpage (<http://bia.korea.ac.kr/software/AD_subtyping/>) along with the pre-processed test data set. Using the provided test data set, one can reproduce our results.
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![Overview of the proposed method.\
After brain surface information is extracted, resampling is performed and noise is removed. Z-scores are then computed for each subject's cortical thickness with respect to the cognitively normal (CN) subjects as their individual 'cortical atrophy'. The similarity of any pair of subjects is defined using a correlation coefficient between cortical atrophy levels of the subjects. Similarity is therefore more sensitive to the shape of the cortical atrophy patterns, rather than overall levels (*corr*~*AB*~ \> *corr*~*AC*~). Modular organization of subjects was extracted using the defined similarity. Note: cortical atrophy plots in the second and third boxes of the overall pipeline are depicted as an example for illustration purposes.](srep43270-f1){#f1}

![Cortical atrophy patterns for three AD subtypes using the SMC dataset: MT (medial temporal-predominant), P (parietal-predominant), and D (diffuse) subtypes.\
Modular organization of the subjects was achieved using defined similarity and reordered to illustrate subtyping where each square captures a subtype border. Group comparison results of cortical thicknesses between each subtype and CN was corrected using random field theory and regions with corrected *p* \< 0.001 are visualized (p \< 0.05 for the D subtype) with covariate age, gender and education. (upper row). Atrophy map shows medians of the cortical atrophy (z-scores) in each subtype (−0.6 ≤ z ≤ −0.3) (lower row).](srep43270-f2){#f2}

![Cortical atrophy hallmarks in each AD subtype in the SMC dataset.\
Normalized cortical thicknesses of the subtype-specific hallmark regions are shown: P subtype hallmarks (upper right), MT subtype hallmarks (lower right) and D subtype hallmarks (left). Bar colors represent specific subtypes: blue (MT subtype), red (P subtype) and yellow (D subtype), where asterisks indicate statistical significance (permutation-based ANCOVA, FDR-adjusted).](srep43270-f3){#f3}

###### Demographic and clinical characteristics of the study population.

                                                     SMC dataset    ADNI validation dataset                                          
  ------------------------------------------------- -------------- ------------------------- --------- -------------- -------------- ---------
  Gender, female, n (%)                               188 (58.8)          149 (66.2)           0.077     84 (53.2)      57 (43.5)      0.065
  Age at MRI (years)                                  70.0 ± 7.9          70.4 ± 9.0           0.648     76.2 ± 5.4     74.1 ± 7.4     0.007
  Education (years)                                   11.2 ± 5.5           9.5 ± 5.8           0.001     15.9 ± 2.9     15.0 ± 2.9     0.866
  K-MMSE                                             27.56 ± 2.55        20.96 ± 3.70         \<0.001   29.17 ± 0.98   23.42 ± 2.25   \<0.001
  CDR-SB                                                  0               3.08 ± 0.84           ---          0         3.15 ± 0.82      ---
  APOE ε4 carrier (%)[\*](#t1-fn2){ref-type="fn"}        ---             99/179 (55.3)          ---      45 (28.5)      83 (63.4)     \<0.001
  APOE ε2 carrier (%)[\*](#t1-fn2){ref-type="fn"}        ---              5/179 (2.8)           ---      23 (14.5)       4 (3.1)      \<0.001
  Intracranial volume (liter)                        1.31 ± 0.21          1.34 ± 0.21          0.051    1.53 ± 0.16    1.55 ± 0.18     0.249
  Mean cortical thickness (mm)                       2.36 ± 0.08          2.27 ± 0.11         \<0.001   2.13 ± 0.10    2.00 ± 0.13    \<0.001

Abbreviations - AD = Alzheimer's disease; MT subtype = medial temporal-predominant subtype; P subtype = parietal-predominant subtype; D subtype = diffuse atrophy subtype; K-MMSE = Korean Version of mini-mental state examination (scored out of 30); CDR = Clinical dementia rating; CDR-SB = CDR sum of boxes (scored out of 18). APOE = Apolipoprotein E.

^\*^APOE genotyping was performed in 179 of 225 patients.

###### Neuropsychological test scores of each AD subtypes SMC dataset.

  SMC dataset                                     AD subtypes    Comparison between AD subtypes                                                                        
  ---------------------------------------------- -------------- -------------------------------- -------------- -------------- ------------- ------------- ----------- -------------
  Attention                                                                                                                                                            
   Digit-span forward                             −0.25 ± 1.15            −0.36 ± 1.10            −0.24 ± 1.05   −0.29 ± 1.10      0.740         0.513        0.946        0.498
   Digit-span backward                            −0.49 ± 1.03            −1.15 ± 1.18            −0.73 ± 1.59   −0.79 ± 1.28    **0.004**     **0.001**      0.261        0.055
  Language                                                                                                                                                             
   K-BNT                                          −2.04 ± 1.60            −1.91 ± 2.31            −1.19 ± 1.63   −1.75 ± 1.91    **0.019**       0.659      **0.008**    **0.026**
  Visuospatial function                                                                                                                                                
   RCFT copy, score                               −0.65 ± 1.76            −4.53 ± 5.29            −0.73 ± 1.19   −2.05 ± 3.84   \<**0.001**   \<**0.001**     0.890     \<**0.001**
   RCFT copy, time                                0.10 ± 1.12             −0.60 ± 1.59            0.46 ± 0.76    −0.05 ± 1.31   \<**0.001**   \<**0.001**     0.093     \<**0.001**
  Visual memory                                                                                                                                                        
   RCFT, immediate  recall                        −1.70 ± 0.92            −2.11 ± 0.69            −1.61 ± 1.08   −1.82 ± 0.92    **0.002**     **0.004**      0.561      **0.001**
   RCFT, delayed recall                           −1.78 ± 0.78            −2.20 ± 0.65            −1.72 ± 0.91   −1.91 ± 0.80   \<**0.001**    **0.001**      0.636     \<**0.001**
   RCFT, recognition                              −1.95 ± 2.08            −1.76 ± 1.53            −1.84 ± 2.04   −1.85 ± 1.88      0.817         0.527        0.734        0.803
  Verbal memory                                                                                                                                                        
   SVLT, immediate recall                         −1.24 ± 1.18            −1.67 ± 1.26            −1.21 ± 1.04   −1.38 ± 1.19    **0.027**     **0.020**      0.897      **0.021**
   SVLT, delayed recall                           −2.15 ± 1.36            −2.40 ± 0.97            −2.44 ± 1.65   −2.32 ± 1.33      0.349         0.240        0.195        0.845
   SVLT, recognition                              −1.67 ± 1.35            −2.3 ± 1.75             −1.66 ± 1.36   −1.89 ± 1.53    **0.012**     **0.008**      0.961      **0.013**
  Frontal executive function                                                                                                                                           
   COWAT, semantic-animals                        −1.36 ± 0.99            −1.68 ± 1.11            −1.05 ± 0.95   −1.39 ± 1.05    **0.002**     **0.049**      0.077     \<**0.001**
   COWAT, semantic-supermarket                    −0.98 ± 0.90            −1.53 ± 0.84            −1.10 ± 0.85   −1.21 ± 0.90   \<**0.001**   \<**0.001**     0.379      **0.004**
   COWAT, phonemic with 3 letters                 −0.64 ± 1.29            −0.75 ± 1.30            −0.31 ± 1.75   −0.60 ± 1.43      0.216         0.634        0.205        0.085
   Stroop test, color reading                     −1.23 ± 1.35            −3.31 ± 1.61            −1.27 ± 1.28   −2.01 ± 1.74   \<**0.001**   \<**0.001**     0.870     \<**0.001**
   Calculation[b](#t2-fn2){ref-type="fn"}         9.66 ± 2.81             9.03 ± 2.88             9.15 ± 3.35    9.28 ± 2.99       0.053         0.016        0.210        0.217
   Ideomotor praxis[b](#t2-fn2){ref-type="fn"}    3.96 ± 1.33             3.44 ± 1.62             3.85 ± 1.25    3.74 ± 1.44     **0.004**     **0.001**      0.110      **0.071**

^a^One-way analysis of variance (ANOVA) followed by Fisher's least significant difference (LSD) post hoc test was used for comparison of continuous variables except for the calculation test. P-values of post hoc tests are shown in bold where statistically significant.

^b^In tests where standard scores were not available, analysis of covariance (ANCOVA) followed by Fisher's least significant difference (LSD) post hoc test was used for comparison among the AD dementia subtypes.

MT subtype = medial temporal-predominant subtype; P subtype = parietal-predominant subtype; D subtype = diffuse atrophy subtype.

K-BNT = Korean version of Boston Naming Test; RCFT = Rey--Osterrieth complex figure test; SVLT = Seoul verbal learning test; COWAT = controlled oral word association test.

Standard scores (z-scores) were used in comparison as age, sex, and education level in years were different among the AD dementia subtypes.

###### Comparison of modularity and reproducibility for subtyping methods.

  Dataset                                                                 Methods                                    Q                  Reproducibility
  ---------------------------------------------------- ---------------------------------------------- -------------------------------- -----------------
  SMC dataset                                           Hierarchical Clustering (Euclidian Distance)                ---                     83.42%
  Hierarchical Clustering (Correlation)                                     ---                                    86.87%              
  Louvain method (Euclidian Distance)                    0.0110 (0.1891[a](#t3-fn1){ref-type="fn"})    ---[b](#t3-fn2){ref-type="fn"}  
  Louvain method (Correlation)                                             0.2202                                  92.25%              
  ADNI validation dataset[c](#t3-fn3){ref-type="fn"}    Hierarchical Clustering (Euclidian Distance)                ---                     72.03%
  Hierarchical Clustering (Correlation)                                     ---                                    89.03%              
  Louvain method (Euclidian Distance)                    0.0235 (0.1665[a](#t3-fn1){ref-type="fn"})    ---[b](#t3-fn2){ref-type="fn"}  
  Louvain method (Correlation)                                             0.2464                                  92.53%              

^a^To compute the modularity value, similarity matrix is required but it also affects the modularity value Q. Thus, we computed the value using the same similarity matrix with our method in order to observe the effects of the modular organization only.

^b^The Louvain method with the Euclidian distance raised only two subtypes and thus it is unfair to compare its reproducibility with other methods.

^c^The ADNI validation dataset contained an unknown subtype and we excluded this type in the reproducibility analysis.

[^1]: These authors contributed equally to this work.
